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ABSTRACT
Motivation: Latent periodic elements in genomes play important
roles in genomic functions. Many complex periodic elements in
genomes are difficult to be detected by commonly used digital signal
processing (DSP). We present a novel method to compute the
periodic power spectrum of a DNA sequence based on the nucleotide
distributions on periodic positions of the sequence. The method
directly calculates full periodic spectrum of a DNA sequence rather
than frequency spectrum by Fourier transform. The magnitude of
the periodic power spectrum reflects the strength of the periodicity
signals, thus, the algorithm can capture all the latent periodicities in
DNA sequences.
Results: We apply this method on detection of latent periodicities in
different genome elements, including exons and microsatellite DNA
sequences. The results show that the method minimizes the impact
of spectral leakage, captures a much broader latent periodicities in
genomes, and outperforms the conventional Fourier transform.
Availability: The source code for the algorithms described in this
paper can be accessed at MATLAB file central.
Contact: cyin1@uic.edu
1 INTRODUCTION
Regions of approximate tandem repeats in genomes are abundant in
many species from bacteria to mammals, and are essential for many
structures and functions of genomes (Shapiro and Sternberg, 2005).
For example, many researchers revealed that the 3-periodicity
of a DNA sequence indicates protein coding regions and it is
used for protein coding region identication (Silverman and Linsker,
1986; Tiwari et al., 1997). Pervasive hidden 10− 11bp periodicities
in complete genomes reflect protein structure and DNA folding
(Herzel et al., 1999). In bacteria genomes, repetitive DNA
sequences form alternative DNA conformations and thus induce
genetic instability (Wojcik et al., 2012). Repetitive DNA sequence
elements are also fundamental to the cooperative molecular
interactions forming nucleoprotein complexes. In a human
genome, simple tandem DNA repeats may associate with human
neurodegenerative diseases (Sutherland and Richards, 1995). The
short tandem repeats (STRs) may have a wide range of applications,
including medical genetics, forensics, and genetic genealogy
(Gymrek et al., 2012). In addition, repeats in genomes often
∗to whom correspondence should be addressed
cause assembling and indels discovery problems in next-generation
sequencing (Treangen and Salzberg, 2011; Narzisi and Schatz, 2015).
Repetitive sequences and periodicities in genomes vary in size,
scale and complexity (Trifonov, 1998; Hauth and Joseph, 2002).
The size of repeats can be from two base pairs to hundreds of
base pairs. They can disperse widely in a relatively long sequence
range, and can be just a tandem arrays of simple sequence
composition. Some repeats contain partial periodic sequence
patterns, and some have hidden periodicity due to multiple periodic
components (Korotkov et al., 2003). Thus, latent repeat signals in
DNA sequences are difficult to be analyzed by straightforward
observation and comparison. Accurate identification these repeats
and periodicities is one of important problems in genome analysis.
The latent periodicities and repetitive features of DNA
sequences are primarily studied by digital signal processing (DSP)
approaches such as Fourier transform (Silverman and Linsker,
1986; Sharma et al., 2004; Buchner and Janjarasjitt, 2003), and
wavelet transform (Wang and Stein, 2010). The DNA sequences
are converted to a numeric sequence and then Fourier transform
is applied for power spectrum analysis in the DNA sequence
(Afreixo et al., 2004). The other periodicity detection methods
include statistics method (Epps et al., 2011), maximum likelihood
estimation (Arora and Sethares, 2007), information decomposition
(Korotkov et al., 2003), direct frequency mapping (Gluncˇic´ and Paar,
2013), and chaos game representation (CGR) (Messaoudi et al.,
2014). For review of these methods, refer to Grover et al. (2012).
In spite of many studies on hidden periodicities in DNA sequences,
due to the complexity of repetitive sequences and large amount of
background noise presented in Fourier analysis and other methods,
identification of all the hidden periodicities in DNA sequences is
still a challenging problem (Suvorova et al., 2014; Epps et al., 2011;
Illingworth et al., 2008).
In this paper, we present a novel algorithm for computing periodic
power spectrum (PPS) based on periodic distribution of nucleotides
of DNA sequences. We apply the algorithm to the identification
of hidden periodicities in DNA sequences. The results demonstrate
that this algorithm is effective and efficient to capture quantitatively
all the latent periodicities in DNA sequences and outperforms the
methods based on Fourier transform.
c© Changchuan Yin and Jiasong Wang, 2015. 1
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2 METHODS AND ALGORITHMS
2.1 Numerical representations of DNA sequences
DNA molecules consist of four linearly linked nucleotides, adenine
(A), thymine (T), cytosine (C), and guanine (G). A DNA sequence
can be represented as a permutation of four characters A, T, C,
G of different lengths. To apply DSP in DNA sequence analysis,
the character strings of DNA molecules must be mapped into one
or more numerical sequences (Yin, 2014). One of the methods in
literatures is to use binary indicator sequences (Voss, 1992). A DNA
sequence, denoted as, s(0), s(1), . . . , s(N−1), can be decomposed
into four binary indicator sequences, uA(n), uT (n), uC(n), and
uG(n), which indicate the presence or absence of four nucleotides,
A,T, C, and G at the n−th position, respectively. The indicator
mapping of DNA sequences is defined as follows:
uα(n) =
{
1, s(n) = α
0, otherwise
(1)
where α ∈ A,C,G, T , n = 0, 1, 2, . . . , N − 1. The four indicator
sequences correspond to the appearance of the four nucleotides at
each position of the DNA sequence. For example, the indicator
sequence, uA(n) = 0001010111 . . ., indicates that the nucleotide
A presents in the positions of 4, 6, 8, 9, and 10 of the DNA sequence.
Table 1 illustrates and example of the Voss 4D binary indicator
mappings of a DNA sequence.
Table 1. The Voss 4D binary indicator mappings of a short DNA sequence.
DNA T A G C C T G C T G A T
uA 0 1 0 0 0 0 0 0 0 0 1 0
uT 1 0 0 0 0 1 0 0 1 0 0 1
uC 0 0 0 1 1 0 0 1 0 0 0 0
uG 0 0 1 0 0 0 1 0 0 1 0 0
2.2 Fourier power spectrum
Discrete Fourier transform (DFT) is the transformation of
observation data in time domain to new values in frequency domain.
It gives a unique representation of the original signal in frequency
domain. DFT spectral analysis of DNA sequences may detect any
latent or hidden periodical signal in the original sequences. It may
discover approximate repeats that are difficult to be detected by
tandem repeat search. Let X be the DFT of real number time series
x of length N , then X(k) is defined as
X(k) =
N−1∑
n=0
x(n)e−i2pi
k
N
n, k = 0, 1, · · · , N − 1 (2)
where i =
√−1. The frequency domain vector X contains all the
information about the original signal x and can recover the signal.
The DFT power spectrum of the signal x(n) at the frequency k is
defined as
PS(k) = X(k)X(k)∗, k = 0, 1. · · · , N − 1 (3)
where X(k)∗ denotes the complex conjugate of X(k). Similarly,
for a DNA sequence, let Uα and PSα be the Fourier transform
and corresponding Fourier power spectrum of the binary indicator
sequence uα, α ∈ {A, T,C,G} the DNA sequence, the Fourier
power spectrum of the DNA sequence is the sum of Fourier power
spectra PSα.
PS(k) =
∑
α∈{A,T,C,G}
PSα(k) (4)
The Fourier power spectrum of DNA sequences can be used
to identify periodicities in DNA sequence. For example, most
of protein coding regions show a prominent peak at frequency
k = N/3 in Fourier power spectrum because of the variance of
nucleotide distributions in the three codon positions (Yin and Yau,
2005). The Fourier power spectrum is large when the nucleotide
has a significant tendency of appearing about every p positions. In
particular, when k = N/3, namely α tends to appear at a certain
codon position. It shall be noted that because Fourier power spectra
of real number series are symmetric, the Fourier power spectrum
plots only show the first half of the spectrum. Furthermore, because
DFT power spectrum at frequency zero is a constant and equivalent
to the sum of data points, the power spectrum at frequency zero is
not included in plotting.
2.3 Periodic power spectrum
The strength of a periodicity within a 1D real number signal is
determined by the distribution of real values on periodic positions.
Thus, the congruence derivative vector of a 1D real number
signal, which represents these periodic distribution, was introduced
by Wang et al. (2012). For DNA sequences, it has been shown
that Fourier power spectrum at a periodicity p is determined by
the unique distribution of nucleotides on the periodic positions.
For example, the 3-base periodicity is determined non-uniformed
distribution of nucleotides on the three positions(Yin and Yau,
2005). Here, we define the congruent derivative vectors that
reflect the nucleotide distributions on the periodic position. For
example, for a DNA sequence, AGTTAACGCCTAGCC, when it is
mapped into the Voss 4D binary sequences uA, uT , uC , uG, of the
congruence derivative vectors of periodicity 3 reflect the nucleotide
distributions on periodic-3 positions in the DNA sequence, and
have the following values: fA = [1, 1, 2], fT = [1, 1, 1], fC =
[2, 1, 2], fG = [1, 2, 0], respectively.
The congruent derivative vector of a 1D real number signal is
defined as follow
DEFINITION 2.1. For a real number signal x of length N , the
element of congruence derivative vector fp of the signal x, for
periodicity p, is defined as
fp(q) =
∑
mod (n,p)=q
x(n)
q = 0, 1, · · · , p− 1, n = 0, 1, · · · , N − 1
(5)
wheremod(n, p) is the modulo operation and returns the remainder
after division of n by p, then fp = (fp(0), fp(1), · · · , fp(p− 1)).
We may consider a frequency domain transform is to project the
1D real number signal x into some periodic shift sequences. Let
ωp = e
−i 2pi
p be the p−th root of unity, we have the following
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periodic shift sequences as basis vectors.
δqp(n) =
{
ωqp, if mod(n - q,p) = 0
0, otherwise
where q = 0, 1, · · · , p− 1
(6)
Table 2 is an example of the periodic shift sequences δqp as basis
vector for periodicity 4.
Table 2. Periodic shift sequences for periodicity 4
n 0 1 2 3 4 5 6 7 · · ·
δ04(n) ω
0
4 0 0 0 ω04 0 0 0 · · ·
δ14(n) 0 ω14 0 0 0 ω14 0 0 · · ·
δ24(n) 0 0 ω24 0 0 0 ω24 0 · · ·
δ34(n) 0 0 0 ω34 0 0 0 ω34 · · ·
We propose here the periodic transform of a real number signal x
at periodicity p as the projection the signal onto the corresponding
periodic basis vectors δqp as in equation (7). The periodic transform
is defined as
DEFINITION 2.2.
XP (p) =
N−1∑
n=0
p−1∑
q=0
x(n)δqp(n), p = 1, 2, · · · , N
Specially, if the length of a signal is equivalent to a multiple of a
periodicity p, we have following theorem.
THEOREM 1. If N is equivalent to a multiple of p, the projection
of signal x to the periodic basis sequences δqp is equivalent to
Fourier transform of the congruent derivative vector of the signal.
The proof of the theorem 1 is provided by Wang et al. (2012). Let
δp = (ω
0
p, ω
1
p, · · · , ωp−1p ), the periodic transform at periodicity p
may be re-written as
XP (p) = fpδ
T
p (7)
where δTp is the transpose of δp.
The power spectrum at periodicity p can be then expressed as
PPS(p) = fp(δ
T
p δp)f
T
p (8)
where fTp is the transpose of fp and δTp is the transpose of δp. The
matrix that is formed by δTp δp only depends on periodicity p and is a
complex symmetric matrix with the main diagonal elements one. If
we add the corresponding upper and lower entries of the matrix, we
can get a lower-triangular real number matrix, Sp. The matrix Sp
can be used to compute the periodic power spectrum. The entries of
the matrix Sp are defined as:
Sp(k, j) =


2 cos
2pi(k − 1)
p
cos
2pi(j − 1)
p
+ 2 sin
2pi(k − 1)
p
sin
2pi(j − 1)
p
, i f k > j
1, if k = j
0, if k < j
(9)
Based on above theories, we propose the following algorithm
(Algorithm 1) to compute the power spectrum of a 1D real number
signal using congruence derivative vector and the periodic shift
sequences δqp. Because the power spectrum from the algorithm
corresponds to a specific periodicity, while a DFT power spectrum
corresponds to a specific frequency, we name the method as PPS
(Periodic Power Spectrum) algorithm.
Input: a real number signal x of N , periodicity p
Output: PPS at periodicity p
Step:
1. Generate a vector
C = [1, cos(2pi/p), cos(4pi/p), ........, cos(2(p− 1)pi/p)].
2. Generate a vector
V = [0, sin(2pi/p), sin(4pi/p), ........, sin(2(p− 1)pi/p)].
3. Obtain an matrix U = CTC + V TV , where CT and V T are
the transposes of vectors C and V , respectively.
4. Construct the spectrum transform matrix Sp of size p× p
from the matrix U :
if k > j then return Sp(k, j)=U(k,j)+U(j,k)
if k = j then return Sp(k, j)= 1
else return Sp(k, j)=0
5. Compute the congruent derivative vector fp of the signal at
periodicity p (Equation (5)).
6. Compute the periodic power spectrum PPS(p) by Sp and fp:
PPS(p) = fp ∗ Sp ∗ fTp
where fpT is the transpose of congruent derivative vector fp.
Algorithm 1: Algorithm for computing PPS at periodicity p of a
real number signal.
2.4 Algorithm for computing periodic power spectrum
of a DNA sequence
From the definition of DFT power spectrum and the theorem 1, we
then get the power spectrum of a DNA sequence after converting the
sequence to 4D binary indicator sequences. For example, the power
spectrum to describe 3-base periodicity property of protein coding
regions in a DNA sequence can be obtained by its four congruence
derivative vectors of the DNA sequence, which does not need to
perform Fourier transform (Yin and Yau, 2007). Here, using PPS for
1D real signal, we propose the following algorithm to compute the
power spectrum at any periodicities using the congruent derivative
vectors fα, α ∈ {A, T, C,G} at periodic positions. We propose
following algorithm (Algorithm 2) to compute the power spectrum
at any periodicities in a DNA sequence. The inputs to the PPS
algorithm are DNA sequence and the spectrum transform matrix
Sp to compute power spectrum at periodicity p from the congruent
derivative vectors.
After we obtain the spectrum transform matrix Sp and the
congruent derivative vectors from the algorithm 2 steps 1 − 3, let
fα0 , fα1, · · · , fαp−1 , α ∈ {A, T,C,G} be the elements of the
congruent derivative vector, fα, of periodicity p in a DNA sequence,
which are the occurring frequency of nucleotide α, we present
3
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Input: DNA sequence of length N , periodicity p
Output: PPS at periodicity p
Step:
1. Convert the DNA sequence into four binary indicator
sequences uα, α ∈ {A, T,C,G}.
2. Compute the congruent derivative vectors fα of the sequences
uα, α ∈ {A, T,C,G}, at periodicity p.
3. Compute the spectrum transform matrix Sp of size p ( refer to
algorithm 1, steps 1-4).
4. Compute the power spectrum PPS(p) by the four congruent
derivative vectors fα of periodicity p:
PPS(p) =
∑
α∈{A,T,C,G}
fα ∗ Sp ∗ fTα
where fTα is the transpose of congruent derivative vector fα.
Algorithm 2: Algorithm for computing the PPS at periodicity p of
a DNA sequence.
Algorithm 2 to compute the PPS(p) at periodicity p of the DNA
sequence. The PPS(p) can also be computed as follows:
PPS(p) =
∑
α∈{A,T,C,G}

p−1∑
q=0
f2aq +
p−1∑
k=0,j=0,k>j
Sp(k, j)fαj fαk


(10)
Because short periodicities often receive much attention in
genome study, we provide the formulas for calculating the PPS
spectrum of short periodicities, we construct the spectrum transform
matrices for special short periodicities, S2, S3, S4, S5, S6, as
in Table 1 in supplementary materials. We then have following
formulas for the PPS spectrum at a few short periodicities.
PPS(2) =
∑
α∈{A,T,C,G}
(
f2α
0
+ f2α
1
− 2fα
0
fα
1
)
(11)
PPS(3) =
∑
α∈{A,T,C,G}
(
2∑
q=0
f2aq − fα0fα1 − fα0fα2 − fα1fα2
)
(12)
PPS(4) =
∑
α∈{A,T,C,G}
(
3∑
q=0
f2αq − 2fα0fα2 − 2fα1fα3
)
(13)
The signal-to-noise ratio (SNR) of a DNA sequence at a
periodicity p, is defined as its PPS power spectrum at periodicity
p divided by the average DFT power spectrum. From our previous
study, it was found that the average DFT power spectrum
corresponds to the sequence lengthN (Yin and Yau, 2007). Thus the
SNR of PPS spectrum a DNA sequence at periodicity p is defined
as the PPS power spectrum at periodicity p divided by the length of
the DNA sequence.
SNR(p) =
PPS(p)
N
(14)
In this paper, we chose the threshold of SNR as 1 to differ a true
periodicity and background noise.
3 RESULTS AND DISCUSSIONS
3.1 PPS power spectrum analysis of a periodic signal
To illustrate the effectiveness of the PPS algorithm in the
identification of hidden periodicities in signals, we applied the PPS
algorithm to the following periodic signal that consists of sine and
cosine signal with periodicities 20 and 50, and is corrupted by white
Gaussian noise:
x(n) = sin(2pi
n
20
+
pi
4
) + cos(2pi
n
50
+
pi
4
) + noise
n = 1 : 300
Figure 1(a) is the plot of the original periodic signal and shows that
two periodicities 20 and 50 in the signal are hidden by random noise.
Figure 1(b) is the plot of Fourier power spectrum vs frequency and
shows that the two periodicities can be clearly identified by Fourier
transform. The Fourier power spectrum plotting is over frequency
domain, thus the positions of the two periodicity peaks 20 and 50 are
at frequency N/p, i.e., frequency 15 and 6, respectively. Figure 1(c)
is the plot of PPS spectrum vs periodicity. Two pronounced peaks
of PPS spectrum in Figure 1(c) at positions 20 and 50 represent the
two periodicities hidden in the original signal. The strengths of the
periodicity 20 and 50 from the Fourier power spectrum also equal to
the strengths of the corresponding PPS spectrum. signals from the
In comparison of the spectra of Fourier transform and PPS, we can
see that PPS spectrum can be used to identify periodicities directly
in frequency domain. In addition, from Figure 1(b) and (a), we can
see the PPS spectrum has less noise background than the Fourier
power spectrum.
3.2 PPS power spectrum analysis of DNA sequences
We also studied on the impact of spectral leakages on Fourier
power spectrum and PPS spectrum. For periodic sinusoidal signals,
A = sin(2pifinT ), where N is the number of samples and T is
the distance between two samples, and n = 0, 1, 2, ...N − 1. The
Fourier power spectrum of the signal has a peak proportional to
amplitude at the frequency fi. If the frequency fi of the signal is
not multiple of F, F = 1/NT , a distorted DFT is obtained. This
phenomenon is called spectral leakage (Costa and Melucci, 2010;
Lyon, 2009). Because spectral leakage makes the recognition of
the correct frequencies of the signal difficult, it shall be avoided
in digital signal processing. To avoid spectral leakage at a specific
periodicity, we can pad zeros to make the length of DNA sequence
as a multiple of the periodicity. For example, to compute accurate
power spectrum at periodicity 3, the length of the DNA sequence
after padding zeros shall be a multiple of 3.
The test DNA sequence in the spectral leakage analysis
is an artificial sequence, denoted as N130P5. The DNA
sequence contains 6 copies imperfect 5-base repeat ATCGA. A
deletion mutant of the DNA sequence is constructed by deleting
two nucleotides AA at the 3’ end, denoted as N130P5-D2.
The sequences N130P5 and N130P5-D2 are provided in the
supplementary materials. The Fourier power spectrum and PPS
spectrum are shown in Figure 2 and Table 3. The Fourier power
spectrum and PPS spectrum for the periodicity 5 are the same, the
peak value is 361.9837 (Figure 2(a)(c)). The results verify that the
PPS spectrum at periodicity 5 is the same as that from the DFT
method on the sequence when its length is multiple of periodicity
5. Figure 2(a) is the comparison of Fourier power spectrum of
4
Periodic power spectrum and periodicities in DNA sequences
0 50 100 150 200 250 300
−10
−8
−6
−4
−2
0
2
4
6
8
Time (second)
S
ig
n
a
l
(a)
0 50 100 150
0.5
1
1.5
2
2.5
x 104
Frequency
Fo
u
ri
e
r 
p
o
w
e
r 
sp
e
c
tr
u
m
(b)
0 50 100 150 200 250 300
0.5
1
1.5
2
2.5
x 104
Periodicity
P
o
w
e
r 
sp
e
c
tr
u
m
(c)
Fig. 1: Power spectrum analysis of periodic sine and cosine signal.
(a) Periodic sine and cosine signal collapsed with white noise, (b)
DFT power spectrum of the signal, (c) PPS power spectrum of the
signal.
N130P5 and N130P5-D2 with zero padding. The result in Figure
2(a) shows that zero padding for the deletion mutant can have
similar spectrum as the original DNA sequence. However, if there
is no zero padding in the N130P5-D2 sequence as shown in Figure
2(b), the Fourier power spectrum at periodicity 5 becomes 212.0118
and is much different from the corresponding values from padding
zeros (335.803) and PPS spectrum of original sequence (335.8034).
The reason for these difference is that the length of the deletion
mutant is not multiple of 5 and the periodicity 5 is hidden in Fourier
spectrum because of spectral leakage. In addition, PPS spectrum can
be considered as zero padding for each periodicity as shown from
equation (7). These results indicate that Fourier spectrum may not
identify some latent periodicities due to spectrum leakage, but the
PPS spectrum can detect the hidden periodicity no matter whether
the length of the sequence is multiple of the periodicity. This is the
main advantage of the PPS spectrum.
Table 3. Comparison of Fourier power spectrum and PPS spectrum on
simulated DNA sequences
Sequence DFT:PS(N
5
) PPS:PS(5)
N130P5 361.9837 361.9837
N130P5-D2 (with padding zeros) 335.8034 335.8034
N130P5-D2 (no padding zeros) 212.0118 335.8034
The PPS spectrum method was assessed on well-studied 3-
periodicity of exon sequences. Figure 3(a) is Fourier power
spectrum Homo sapiens cytochrome oxidase subunit I (COI) gene
(GenBank ID: EU834863, 617 bp). Figure 3(b) is the PPS spectrum
and indicates a significant periodicities 3 and a weak periodicity 8 in
the gene. We then examine these two periodicities using DNA walk
and sliding window approaches as described in our previous study
(Yin and Yau, 2007) Figure 3(c) is the PPS spectra of periodicities
3 and 8 using DNA walk. The strengths of the PPM spectrum for
the two periodic signals increase when the length of the DNA walk
increases. Figure 3(d) is the PPS spectra of periodicities 3 and 8 in
different sliding windows. From the sliding window plots, we can
identify the approximate regions in the gene for these two periodic
signals. These results show that the weak periodicity 8 can only be
identified in PPS spectrum, but not in Fourier power spectrum.
We performed other tests on DNA sequences of different lengths,
the computational results confirm that the PPS spectrum and Fourier
power spectrum are the same for periodicity p only when the length
of the DNA sequences are the multiple of p. If the length of the DNA
sequence is not a multiple of the periodicity p, the Fourier power
spectrum is not equivalent to the PPS spectrum. This indicates that
one periodic signal may be hidden by other periodicities in Fourier
power spectrum analysis. This study shows that the Fourier power
spectrum signal computation in DNA sequence is impacted by
length of DNA sequences, but our new PPS spectrum can overcome
the length problem as in Fourier spectrum analysis.
3.3 Periodicities in microsatellite sequences
We evaluated the effectiveness of the PPS method by comparing
Fourier and PPS spectra of typical microsatellite DNA sequences.
The most studied groups of tandem repeats in genomes are
microsatellites (patterns of 10 bp) and minisatellites (patterns of 100
5
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Fig. 2: Power spectrum analysis of DNA sequences. (a) Fourier
power spectra of DNA sequence N130P5 and N130P5-D2, (b)
Fourier power spectrum of N130P5-D2, (c) PPS spectra of and
N130P5 and N130P5-D2.
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Fig. 3: Power spectra of Homo sapiens cytochrome oxidase subunit
1 (COI) gene. (a) Fourier power spectrum, (b) PPS spectrum,
(c) PPS spectra of DNA walk, (d) sliding window PPS spectrum,
window size = 60 bp
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bp) because of their use as genetic markers in forensics, parentage
assessment, positional cloning and population and evolutionary
genetics. Microsatellites are abundant and distributed all over the
eukaryotic genomes with variable frequency. The period detection
method using PPS was assessed on Human microsatellite repeat
KLK1 AC DNA (GenBank Accession: M65145, 1072 bp). Figure
4(a) shows the Fourier power spectrum of the DNA sequence.
Although the Fourier power spectrum indicates there are two high
peaks corresponding to approximate 11 and 12 periodicities, it is
difficult to identify other exact periodicities from the Fourier power
spectrum. Figure 4(b) is the PPS spectrum SNR at periodicities 1-
100. It is clear that the DNA sequence contains a few periodicity
peaks with large spectrum SNR values. The significant SNR values
for short periodicities are: P7:1.3873, P8:1.2002, P11:1.5389,
P12:2.4196. Our method can thus preciously identify 4 periodicities
(repeats): 7, 8, 11, and 12. This sequence had been studied by other
repeat finding methods (Sharma et al., 2004; Gupta et al., 2007),
but those methods can only detect 2 or 11 mer repeats and were
unable to detect the four periodicities 7, 8, 11, and 12. We can
locate the positions of the periodicities in the DNA sequence using
sliding window PPS. Figure 4(c) is the sliding window PPS of
periodicities 7, 11 and 12. The result shows the different locations
for these periodic signals on the DNA sequence. The 11-mer
repeats are located between 92 and 781 bp. When comparing
the sliding window PPS SNR plot of 11 bp and 12 periodicities
(Figure 4(b),(c)), we can see that the peak regions from 11 and
12 periodicity are not the same, but the region centered at 200
bp only shows 11 periodicity, but not 11 periodicity. This result
suggest the 11 periodicity is not exact derived from 12 periodicity.
The locations the periodicity 11 are in agreement of previous studies
(Sharma et al., 2004; Gupta et al., 2007). These results clearly show
the advantage of our algorithm in identification of repeats. The PPS
method can detect more latent periodicities and hidden periodic
patterns and locate preciously the locations of these periodicities.
The second example is periodicity detection in Human
microsatellite repeats (GenBank locus:HSVDJSAT, 1985 bp) using
the PPS method. This DNA sequence contains variable length
tandem repeats (VLTRs) (Hauth and Joseph, 2002). Figure 5(a) is
the Fourier power spectrum of the DNA sequence and suggests.
It indicates the complexity and high noise level in Fourier power
spectrum, and thus it is difficult to detect periodicities from
Fourier power spectrum. From the PPS spectrum in Figure
5(b), we can detect accurately the short periodicities: 4, 6, 8,
10, 22, 49, and 50. The corresponding SNR values of these
periodicities are: P4:1.2781, P6:1.4620, P8:1.0349, P10:1.7631,
P22:1.0781,P49:1.1268,P50:1.1023. The strongest periodicity in
this DNA sequence is 10 periodicity, which is in agreement with
literature methods (Hauth and Joseph, 2002; Gupta et al., 2007).
From the sliding window PPS spectra of periodicities 4, 6 and 10
in Figure 5(c), we can locate the positions of these periodicities.
For example, a major location of the periodicity 4 is between 700-
900 bp; the periodicities 6 is mainly located around 400 bp and
1000 bp, periodicities 10 is mainly located at 1180 bp and 1400 bp.
The previously studies (Hauth and Joseph, 2002; Gupta et al., 2007)
can identify similar periodicities but those methods need different
threshold settings and sometimes get conflicting results.
These examples demonstrate that the PPS spectrum can detect a
broad range of latent and complex periodicities in DNA sequences,
which are missed in current state of art methods.
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Fig. 4: Power spectra of DNA sequence M65145. (a) Fourier power
spectrum, (b) PPS spectrum SNR, (c) sliding window PPS spectrum
SNRs of different periodicities, window size = 60 bp.
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Fig. 5: Power spectra of DNA sequence HSVDJSAT. (a) Fourier
power spectrum, (b) PPS spectrum SNR, (c) sliding window PPS
spectrum SNRs of different periodicities, window size = 100 bp.
3.4 Computational complexity
One of the challenging problems when applying Fourier transform
to sequence study is the computational complexity. Fourier
transform attempts to explain a data set as a weighted sum of
sinusoidal basis element when the data can be closely approximated
by such elements, however, directly searches for periodicities,
repetitions, or regularities in the data. However, Fourier transform is
computational intensive technique. The FFT still needs O(N logN)
computational time. Because our PPS algorithm only computes the
spectrum for periodicities of special interests, there is no need to
compute Fourier transform for all frequencies, it can significantly
reduce the computation complexity. In addition, since the spectrum
transform matrix Sp is real number matrix, computation of PPS is
performed only on real numbers, not complex numbers, this reduces
computation time of the PPS algorithm.
3.5 Discussion
From this study, the major advantage of the PPS spectrum is that it
can capture all the tandem periodicities because the PPS spectrum
reduces high noise level and spectral leakage as in Fourier spectrum.
It is worthy noting that the power spectrum method in this paper can
also be applied on detection periodicities in other time series such
as protein sequence and biomedical signals. An open question is
that the PPS spectrum after a specific periodicity becomes smooth
and lacks of characters of peaks (Figure 1(c), 2(c), 3(b)). We
examine the value this specific periodicity, we found the position
approximately equals to
√
2n. We will investigate this problem in
future studies.
4 CONCLUSIONS
Periodic latent regions in genomes often play important roles in
many genomic functions. Carefully understanding the source and
pattern of periodicity in genomic sequences thus represents an
important problems in biology.
In this paper, we propose a novel power spectrum based on the
periodic distribution of symbols. We also propose an algorithm to
compute PPS spectrum. The algorithm can identify and locate exact
and inexact periodic patterns in DNA sequences. The algorithm has
been assessed for identification of periodicities in different genomic
elements, including exons and microsatellite DNA sequences. The
results. The experimental results demonstrate the effectiveness
of our algorithm on periodicity identification and minimizing
spectral leakage. The results demonstrate the utility of analyzing
the genomes in the periodicity space and our method can be
deterministic method for periodicity identification.
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Table 1. Spectrum transform matrices of some short periodicities
Periodicity Spectrum transform matrix Sp
P2
[
1 0
−2 1
]
P3

 1 0 0−1 1 0
−1 −1 1


P4


1 0 0 0
0 1 0 0
−2 0 1 0
0 −2 0 1


P5


1 0 0 0 0√
5−1
2
1 0 0 0
−
√
5+1
2
√
5−1
2
1 0 0
−
√
5+1
2
−
√
5+1
2
√
5−1
2
1 0√
5−1
2
−
√
5+1
2
−
√
5+1
2
√
5−1
2
1


P6


1 0 0 0 0 0
1 1 0 0 0 0
−1 1 1 0 0 0
−2 −1 1 1 0 0
−1 −2 −1 1 1 0
1 −1 −2 −1 1 1


SUPPLEMENTARY MATERIALS
The spectrum transform matrices (Table 1) and DNA
sequences
N130P5=CCATATCCGATCGGCAGCGCGTGCC TTTTATCGCTATCGATCGAATGGGCTCGA
CCGCGGCTGTCTATAGAAAAATTATAAATGATATTGATCCGAGTAGGGTCCCA
GCACTTCAA
N130P5-D2=CCATATCCGATCGGCAGCGCG TGCCTTTTATCGCTATCGATCGAA
GAGGACCGCGGCTGTCTATAGAAAAATTATAAATGATATTGATCCGAGTAGGGTCCCA
GTGCGGGGCACTTC
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